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abstract: Ecological surveys provide the basic information needed
to estimate differences in species richness among assemblages. Com-
parable estimates of the differences in richness between assemblages
require equal mean species detectabilities across assemblages. How-
ever, mean species detectabilities are often unknown, typically low,
and potentially different from one assemblage to another. As a result,
inferences regarding differences in species richness among assem-
blages can be biased. We evaluated how well three methods used to
produce comparable estimates of species richness achieved equal
mean species detectabilities across diverse assemblages: rarefaction,
statistical estimators, and standardization of sampling effort on mean
taxonomic similarity among replicate samples (MRS). We used sim-
ulated assemblages to mimic a wide range of species-occurrence dis-
tributions and species richness to compare the performance of these
three methods. Inferences regarding differences in species richness
based on rarefaction were highly biased when richness estimates
were compared among assemblages with distinctly different species-
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occurrence distributions. Statistical estimators only marginally re-
duced this bias. Standardization on MRS yielded the most compa-
rable estimates of differences in species richness. These findings have
important implications for our understanding of species-richness
patterns, inferences drawn from biological monitoring data, and
planning for biodiversity conservation.
Keywords: species richness, mean species detectability, statistical es-
timators, species-occurrence distributions, sample representativeness,
Lincoln-Petersen model.
A central aim of community ecology is to understand how
and why species diversity changes over space and time
(e.g., MacArthur 1965; Whittaker 1975; Rosenzweig 1995;
Fridley et al. 2006). This knowledge is critical for effective
resource management, biological monitoring, and biodi-
versity conservation (e.g., Gaston 1996; Hawkins et al.
2000). Ecological surveys provide the basic information
regarding spatial patterns and temporal trends in species
richness. Ideally, a survey would provide the complete list
of species present for every assemblage of interest. How-
ever, limited resources dictate that we use small samples
to characterize an assemblage, which we refer to as the
collection of organisms of interest within a specified space.
Such samples usually capture an unknown proportion of
the species occurring in an assemblage. In other words,
observed species richness is derived from data for which
true species detectabilities are unknown.
Accurate estimates of the true species richness (TSR) of
assemblages would be ideal, but unbiased estimates of the
relative differences in species richness among assemblages
(i.e., the ratio of species richness for a pair of assemblages)
are often sufficient for detection of patterns of species
richness and tests of ecological hypotheses. Just as relative
differences in density can be compared only when the
capture probabilities of individuals are constant across
populations (e.g., Pollock et al. 2002; Bailey et al. 2004;
MacKenzie et al. 2006), unbiased estimates of the relative
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difference in observed species richness are possible only if
mean species detectabilities (MSD), that is, average de-
tectabilities across all species in an assemblage, are equal
across assemblages (e.g., MacKenzie and Kendall 2002;
Kery and Schmid 2006). The importance of this require-
ment can be easily illustrated. If the numbers of species
in two assemblages are Ni and Nj , the true relative differ-
ence is . Since Ni and Nj are unknown, we es-lp N /Ni j
timate their ratio based on the numbers oflp N /Ni j
species (ni and nj) observed in the two assemblages. The
expected value of the observed number of species in an
assemblage is , where d is mean species de-E[n]p dN
tectability (MSD). Thus, a robust estimator of l is given
by (MacKenzie and Kendall 2002). Unless(n /d )/(n /d )i i j j
, the naive ratio would clearly give a biasedd p d (n /n )i j i j
estimate. However, it is not clear how well current methods
used for estimating relative differences in species richness
generally meet the requirement for equal MSDs.
Comparisons of the relative differences in species rich-
ness among assemblages have been based on estimates of
species richness rarefied to a constant sampling area or
number of individuals (e.g., Sanders 1968; Hurlbert 1971;
Gotelli and Colwell 2001), statistical extrapolations to TSR
(e.g., Bunge and Fitzpatrick 1993; Colwell and Coddington
1994; Walther and Moore 2005), or richness standardized
on a measure of sample representativeness (Cao et al.
2002a, 2004). The degree to which these three methods
achieve a constant MSD across assemblages will affect our
perception of how species richness changes over space and
time.
Rarefaction estimates the species richness expected for
a given number of individuals or replicate samples that
are randomly drawn from an assemblage (Gotelli and Col-
well 2001). It is equivalent to standardizing sampling effort
at the lowest effort used across assemblages. However, the
shapes of species accumulation curves usually vary from
one assemblage to another (e.g., Rosenzweig 1995; Witman
et al. 2004). Rarefied samples containing the same number
of individuals (individual-based rarefaction) or sampling
units (sample-based rarefaction) may therefore reach dif-
ferent MSDs (e.g., Angermeier and Smogor 1995; Condit
et al. 1996; Cao et al. 2002a; Watson 2003). In other words,
samples standardized on either the number of individuals
or the sample area/volume may reach different MSDs in
different assemblages. As a result, estimates of relative dif-
ferences in species richness among assemblages can be
biased, but it is unclear how severe and general the bias
is.
A second method uses statistical models to estimate TSR
via extrapolation (e.g., Colwell and Coddington 1994).
Those models were explicitly designed to address the fact
that not all species are detected during a survey (e.g., Bou-
linier et al. 1998; Williams et al. 2001). Those models can
be used to estimate relative differences in species richness
only if they either accurately predict TSR or exhibit the
same prediction bias across assemblages that differ in
MSD; that is, the same proportion of TSR is predicted
across assemblages. However, many studies have shown
that thse models usually severely underestimate TSR unless
sampling effort is extremely high (e.g., Hellmann and
Fowler 1999; Wagner and Wildi 2002; Brose et al. 2003;
Chiarucci et al. 2003; Cao et al. 2004; O’Dea et al. 2006).
Many studies either explicitly or implicitly assume that
statistical models can satisfactorily reduce bias when es-
timating relative differences in species richness (e.g., Wink-
ler and Kampichler 2000; Melo 2004; Witman et al. 2004;
Walther and Moore 2005); however, this assumption has
never been tested.
A third method for estimating true differences in relative
species richness among assemblages is based on the con-
cept of sample representativeness, that is, how well a sam-
ple represents the species composition of the assemblage
from which it is drawn (Cao et al. 2002a). When sample
representativeness is measured with the average Jaccard
coefficient (AJC; Jaccard 1901) calculated among multiple
pairs of replicate samples, it estimates MSD. The Jaccard
coefficient is calculated as the ratio of the number of shared
species by two samples (S12) to the total number of species
recorded in the first (S1) and second (S2) samples; that is,
. The Jaccard coefficient is mathemat-S /(S  S  S )12 1 2 12
ically equivalent to the Lincoln-Petersen model used in
capture-recapture studies of individual populations. The
latter measures mean individual detectability (d) as the
ratio of the number of animals recaptured (m) to the
number of animals marked (n); that is, (Williamsdp m/n
et al. 2001). The two models are equivalent because
( , (Cao et al. 2004). Cao etS  S  S )p n S p m1 2 12 12
al. (2002a) compared species richness across sites on a
standard level of MSD by repeatedly sampling an assem-
blage until a targeted value of AJC was reached. Because
the Jaccard coefficient is typically employed to measure
the taxonomic similarity between two assemblages (e.g.,
Legendre and Legendre 1998) and some concerns have
been raised regarding its effectiveness for that specific pur-
pose (e.g., Wolda 1981; Cao et al. 2002b; Chao et al. 2005),
use of the term AJC in the context of species detectabilities
could create unnecessary confusion in the literature. In
the remainder of this article, therefore, we refer to esti-
mates of MSD across multiple pairs of replicate samples
as mean replicate similarity (MRS) as estimated by the
Lincoln-Petersen model.
Although the accuracy of TSR estimates depends on how
well estimates of MRS agree with MSD, the performance
of the MRS standardizations to achieve similar MSDs
across assemblages relies on how consistently MRS esti-
mates are correlated with true MSDs across assemblages
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(Cao et al. 2002a). The MRS is therefore used as an index
of MSD in this standardization rather than a measure of
MSD in estimating the true species richness. Studies have
shown that the MRS-MSD relationship was highly con-
sistent across different assemblages in several data sets
(Cao et al. 2001, 2002a, 2004) that expressed MSD as
%TSR. However, we do not know how general these re-
lationships are because assemblages differ widely in spe-
cies-abundance or species-occurrence distributions, TSR,
and spatial patchiness within an assemblage. All of these
factors can affect estimates of both species richness (e.g.,
He and Legendre 2002) and compositional similarity be-
tween replicate samples (e.g., Plotkin and Muller-Landau
2002).
Clearly, all three methods have potential limitations and
uncertainty when used to estimate the relative differences
in species richness between assemblages. A systematic eval-
uation of their performances across a wide range of as-
semblages is needed. Simulation provides an effective av-
enue for creating diverse assemblages with known TSR
and unlimited numbers of replicates (e.g., He and Legen-
dre 2002; Brose et al. 2003). In this article, we used sim-
ulated assemblage data to examine (1) how rarefied sam-
ples differ in MSD under a range of species-occurrence
distributions, (2) how sensitive estimates of TSR derived
from statistical models are to variation in MSD, (3) how
the performance of the MRS-based standardization is af-
fected by the difference in species-occurrence distributions
and levels of TSR, and (4) under what conditions MSDs
are most likely to differ in comparisons of species richness.
Data Sets and Simulation
Simulating assemblages typically requires the combined
use of two types of models. The first type describes how
individuals are distributed among species—that is, species-
abundance distribution—or how species are distributed
among samples—that is, species-occurrence distribution
(SOD). Species-abundance distributions have been fre-
quently reported to fit logseries or lognormal models (e.g.,
Fisher et al. 1943; Preston 1948; Williams 1964; May 1975;
Gray 1978; Bell 2001; Hubbell 2001). The SODs are often
described with patch-occupancy models (e.g., Hanski and
Gyllenberg 1993; Gibson et al. 1999). The second type of
models describes how individuals in a species are distrib-
uted within its habitat (i.e., spatial patchiness). Poisson
and negative binomial distributions are commonly ob-
served (Williams et al. 2001).
In our analysis, we simulated assemblages based on
both species-abundance and SOD models, responding to
individual-based and area-based sampling, respectively.
However, we focused on the simulation of diverse SODs,
which is essential for realistically mimicking a wide variety
of assemblages. The results, however, should be applicable
to logseries and lognormal species-abundance distribu-
tions because these distributions are special cases of SOD
models under certain assumptions, as we show later. We
also chose not to incorporate the possible effects of spatial
patchiness in species distributions within an assemblage
into the simulation at this time. This simplification was
reasonable given that replicate samples used in practice
(e.g., a 0.1-m2 quadrat) are often substantially smaller than
the area occupied by a targeted assemblage (e.g., a 100-
km2 lake), and random sampling used for estimating spe-
cies richness and MRS can homogenize the effect of spatial
patchiness on estimates of MRS and richness. Studies have
shown that the spatial distributions of individuals are
much less important than either species-abundance dis-
tributions or sampling effort in estimating species richness
when similar sampling schemes were used (e.g., Brose et
al. 2003; O’Dea et al. 2006).
Empirical Data
We used seven published data sets (25 total study areas or
locations) for modeling SODs (app. A in the online edition
of the American Naturalist). These data sets were derived
from surveys conducted at different spatial scales and for
different taxonomic groups (table A1). Species-level iden-
tification was used in all data sets except for those of
macroinvertebrates, which were identified at mixed res-
olution, a common practice in freshwater macroinverte-
brate studies because of the difficulty in identifying im-
mature individuals (Carter and Resh 2001). These data
sets are all based on extensive sampling; however, most of
them surely did not contain all species occurring in the
location. We refer to the number of species or taxa ob-
served at a location as “TSRobs” and use “TSR” for true
species richness. We also use the term “sample” to mean
a single replicate or a combination of replicates and the
term “sampling effort” to mean the number of pooled
replicates.
Modeling Species-Occurrence Distributions
The distribution of species among samples is often de-
scribed with patch-occupancy models (e.g., Hanski and
Gyllenberg 1993; Gibson et al. 1999). However, these mod-
els group species into arbitrary categories based on their
occurrence frequencies (McGeoch and Gaston 2002) and
assume that different species are randomly distributed
within each of the occurrence frequency categories. These
properties do not allow accurate description of species-
occurrence probabilities, which are critical for estimating
species richness and MRS. We therefore modeled the dis-
tributions differently. First, we estimated the probability
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Table 1: Model parameters selected for 12 artificial assemblages
(A1–A12) that follow three types of species-occurrence
distributions
Species-occurrence distribution models a b TSR
Negative exponential; :bXiP p aei
A1 1.25 .250 30
A2 1.10 .150 50
A3 1.00 .100 75
A4 .90 .075 100
A5 .70 .025 300
Logistic; :bXiP p 1/1 aei
A6 .0183 .50 15
A7 .0025 .30 30
A8 .0183 .04 200
A9 .1353 .02 300
Linear; :P p a bXi i
A10 1 .04 25
A11 1 .02 50
A12 1 .01 100
Note: parameter that controls the occurrence probability of theap model
most common species; parameter that controls the rate at whichbp model
the occurrence probability of subsequent species decreases; spe-TSRp true
cies richness.
that species i occurred in a single randomly selected sample
as , where K is the total number of samples andP p k /Ki i
ki is the number of samples where species i occurs. The
term Pi is also referred to as species occupancy (e.g.,
MacKenzie et al. 2006). When Pi values for all species are
plotted against in descending order, the re-X p rank(P)i i
sult is a decreasing curve whose shape expresses the pattern
of decreasing commonness of species. We refer to this
curve as a species-occurrence distribution (SOD).P , Xi i
When Pi is replaced by relative abundance, this curve sim-
ply becomes Whittaker’s relative abundance–rank order
plot (e.g., Ulrich and Ollik 2005).
The SODs observed in the seven empirical data sets
(table A1) were adequately fit by one of three models:
negative exponential (eq. [1]), logistic (eq. [2]), or linear
(eq. [3]):
bXiP p ae , (1)i
1
P p , (2)i bXi1 ae
P p a bX , (3)i i
where , TSR. Parameter a controls the oc-X p 1, 2, …i
currence probability of the most common species, and
parameter b controls the rate at which the occurrence
probability of subsequent species decreases. Negative
exponential models predict a few common species and a
large proportion of rare species, and these types of assem-
blages are often species rich (table A1). Logistic models
typically predict a large proportion of common species,
but assemblages can be either species poor or species rich.
Linear models predict occurrence probabilities that de-
crease at a constant rate, and these assemblages are usually
species poor.
Defining Assemblages
We examined the ranges of parameter values for each of
the types of fitted models and selected a set of values from
which we created 12 assemblages. Each of them was de-
fined by a specific SOD based on the model parameters
(table 1). The ranges of TSR in assemblages simulated for
each type of model were related to those observed in the
empirical data. We set five levels of TSR (30–300 species)
for the negative exponential model, four levels (15–300
species) for the logistic model, and three levels (25–100
species) for the linear model. We also specified 10 assem-
blages ( ) based on logseries and lognormalTSRp 25–156
models (app. B in the online edition of the American Nat-
uralist). These two models are a special case of SODs when
individual-based sampling is used (table B1; fig. B1), and
they were therefore not pursued further.
Analytic Methods
Estimating Species Richness Based on Sample-Based
Rarefaction and Statistical Estimators
Given a set of occurrence probabilities, Pi, , andip 1, …
k for k species, a single random replicate sample can be
generated from a set of k Bernoulli trials, one for each
species. We generated 2,000 random replicates for each of
the 12 assemblages. We used EstimateS, version 7.5 (Col-
well 2005), to calculate species richness for sample-based
rarefaction. We then estimated TSR using multiple statis-
tical methods available in the EstimateS 7.5 that were ap-
plicable to species presence-absence data, including Chao-
1, Chao-2, incidence-based coverage estimator, first- and
second-order jackknife, bootstrapping, and two variants
of Michaelis-Menten models (app. C in the online edition
of the American Naturalist). We examined the estimates
of TSR by each of these estimators at 1–50 replicates,
sampling efforts that are generally practical. The second-
order jackknife method (Jack-2; Burnham and Overton
1978) was most accurate for 1–50 replicates, particularly
for those assemblages exhibiting negative exponential
SODs (see fig. C1 for an example). This result agreed with
many other studies (e.g., Hellmann and Fowler 1999; Brose
et al. 2003; Melo 2004, Hortal et al. 2006; but see Cormack
1989). We therefore used only the Jack-2 estimator, as-
This content downloaded from 129.123.124.28 on Wed, 30 Sep 2015 15:01:55 PM
All use subject to JSTOR Terms and Conditions
Comparisons of Species Richness 385
suming that the other estimators tested would perform no
better in estimating relative difference in species richness.
Establishing MRS-MSD Relationships
We followed Cao et al. (2002a) in using a random resam-
pling procedure to establish MRS-MSD relationships. With
N replicate samples collected from an assemblage, half are
randomly drawn and pooled into a single sample. The
other half are combined into the second sample. The sim-
ilarity is calculated for this pair of samples, and the number
of species in each of the two samples is counted. This
process is repeated 1,000 times to obtain MRS and average
species richness per sample, which was then converted to
MSD.
A theoretical relationship between MRS and MSD can
be modeled by progressively pooling a collection of in-
dependent replicates drawn at random, assuming a given
SOD and TSR (app. D in the online edition of the Amer-
ican Naturalist). We constructed an MRS-MSD curve for
each of the 12 assemblages.
Setting Evaluation Criteria
Accurate estimation of the relative differences in species
richness among assemblages depends on how similar the
estimates of MSDs are across assemblages. We therefore
evaluated the accuracy of a method in estimating relative
differences in richness by comparing the range and stan-
dard deviation (SD) of MSDs estimated across assem-
blages. We assessed how these two measures of variability
differed within each type of SOD and across the three types
of SODs. We compared the three methods (rarefaction,
Jack-2, and standardization on MRS) in two ways.
We first compared the three methods with the range
and SD of MSD among the 12 assemblages over a range
of sampling efforts or MRS values. For MRS-based stan-
dardizations, both the specific values of MRS and their
ranges differed across assemblages even though the sam-
pling effort used was otherwise similar. It was therefore
impossible to precisely compare the variability in MSD for
exactly the same MRS values among different assemblages.
We therefore fit the MRS-MSD curve for each assemblage
and then calculated the range and SD in fitted MSD for
specific values of MRS. These comparisons are indicative
of the overall performances of the three methods. How-
ever, they cannot be compared directly because any specific
level of MRS requires different sampling efforts in different
assemblages; hence, MRS cannot be transformed to a con-
sistent number of replicates across assemblages.
To overcome this difficulty, we took a second approach,
which compared the three methods based on the same
total sampling effort used for all assemblages (see app. E
in the online edition of the American Naturalist for details).
When q replicates are collected from each assemblage as
required by rarefaction, the total sampling effort across
the 12 assemblages is 12q. The number of replicates re-
quired for a targeted MRS value differed among the as-
semblages (qi for assemblage i); however, the total sam-
pling effort (Sqi) was constrained by 12q. For the 12
artificial assemblages, the procedure was simplified. An
MRS-based standardization requires a minimum of two
replicate samples from an assemblage. The maximum MRS
value reached by two replicates across the 12 assemblages
sets the minimum level of MRS that can be used for stan-
dardization. This value was 0.6 (based on resampling the
2,000 replicates created earlier), for which two to 24 rep-
licates were required, depending on which of the 12 as-
semblages was analyzed. The total effort across assem-
blages needed to achieve this value of MRS was 78
replicates (6.5 replicates per assemblage). We therefore cal-
culated average species richness observed or extrapolated
from seven replicates (rounded up from 6.5). We then
compared the range and SD of MSDs among the 12 as-
semblages as calculated for each of the three methods. We
recognize that such comparisons can show only which
method will be most accurate in general and that the three
methods might perform similarly under some situations.
Evaluating the Precision of MRS-MSD Relationships
The practical utility of species richness comparisons based
on MRS-standardizations depends on the precision of
MRS-MSD relationships, especially when comparisons are
based on small numbers of replicates. We therefore need
to know how the type of SOD, the level of TSR, and the
value of MRS affect the precision of this relationship.
For the negative exponential model, we compared pre-
cision for a species-poor assemblage (A2, ) andTSRp 50
a species-rich assemblage (A5, ). For the otherTSRp 300
two models, high MRS and MSD can be easily reached
with low sampling effort when species richness is low. We
therefore compared precision estimates obtained from the
A8 ( ) and A9 assemblages ( ; logisticTSRp 200 TSRp 300
model) and precision estimates from the A11 (TSRp
) and A12 ( ) assemblages (linear model).50 TSRp 100
The 2,000 replicates created earlier for establishing spe-
cies curves were combined into at least 10 distinct subsets
of four to six sampling efforts. The range of sampling
efforts examined varied from one assemblage to another
so that the ranges of MRS examined were as comparable
as possible among the 12 assemblages: eight to 30 replicates
for logistic and linear SOD assemblages and 20–200 rep-
licates for negative exponential SOD assemblages. Each of
the distinct subsets (q replicates per subset) was randomly
split into two equal-sized samples (one-half q replicate
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each), and assemblage similarity and species richness per
one-half q replicates were calculated. This process was re-
peated 1,000 times to obtain estimates of MRS and MSD
(see Cao et al. 2002a). We then plotted MSD against MRS
across all subsets and at all sampling efforts examined for
each assemblage. We estimated precision as the root mean
squared error (RMSE) associated with the MRS-MSD
curves derived from equations (4) and (5). We also cor-
related the RMSE with MRS values to assess whether pre-
cision was associated with the value of MRS used for
standardization.
Results
Fitting Species-Occurrence Probability Models
Of the 25 different SODs examined (app. A), 14 were best
described by negative exponential models (56% of cases),
nine by logistic models (36% of cases), and two by linear
models (8% of cases; fig. 1; table A2). The fit was adequate
in all cases, with RMSE ranging between 0.0001 and 0.09.
The stream macroinvertebrate assemblages at both local
and regional scales, fish assemblages at the regional scale,
and the tropical forest tree assemblage fit negative expo-
nential models (fig. 1A–1C). The regional bird assemblages
fit logistic models (fig. 1D). Local fish assemblages fell into
all three types of SOD: negative exponential (36%), logistic
(50%), and linear (14%) models (see fig. 1E, 1F for exam-
ples).
Comparing Species Richness Derived from
Sample-Based Rarefaction
The MSD reached by a rarefied sample was much lower
in assemblages exhibiting negative exponential SODs than
in assemblages characterized by either logistic or linear
SODs over the range of 1–50 pooled replicates (fig. 2A).
For example, the average MSD based on a single replicate
for the five negative exponential SOD assemblages was
only 0.12, but it was 0.48–0.49 for the seven assemblages
with either logistic or linear SODs. These differences did
not significantly decrease with increasing sampling effort
(at least up to 50 replicates). However, the differences in
MSD among the four logistic SOD assemblages were also
high (up to 0.3, ; fig. 2B). Forty replicates wereSDp 0.12
required to reduce the difference in MSD among these
assemblages to 0.05. In comparison, MSD varied much
less among either the linear SOD (!0.01) or the negative
exponential SODs (!0.07) assemblages (fig. 2B), which
implies that rarefaction works well when compared assem-
blages all exhibit either linear or negative exponential
SODs.
The varying levels of MSD reached by standardizing
samples with rarefaction led to severe biases in estimating
relative differences in species richness among assemblages
when assemblages were sampled with low effort. For ex-
ample, both A5 and A9 assemblages contained 300 species;
however, the average number of species observed in one
replicate from assemblage A9 (107 species) was 4.5 times
higher than that observed in A5 (24 species) and 2.3 times
higher (232 vs. 102 species) when 10 replicates were used.
Furthermore, species accumulation curves frequently
crossed one another with increasing sampling effort, in-
dicating that even the rank of assemblages in observed
species richness depended on the sampling effort used (fig.
C2). For example, the observed richness in assemblage A12
was higher than in A5 until sampling effort exceeded seven
replicates, after which observed richness was higher in A5.
Comparing Species Richness Based on Jack-2 Estimates
Jack-2 estimates always achieved higher proportions of
TSR or MSD than raw samples (cf. figs. 2A, 3A). However,
the differences in MSD among the three types of SODs
remained largely because the predicted richness in the lo-
gistic and linear SOD assemblages approached plateaus
much faster than did negative exponential SOD assem-
blages. The maximum difference in MSD between negative
exponential and linear SOD assemblages ranged between
0.65 at two replicates and 0.30 at 50 replicates. The dif-
ference in MSD between negative exponential and linear
SOD assemblages was similarly high, 0.26–0.60 over the
same range of sampling effort. Jack-2 also increased the
variation in MSD among the logistic SOD assemblages,
although it slightly reduced the variation in MSD among
the negative exponential SOD assemblages (fig. 3B) com-
pared with rarefied samples (fig. 2B). In general, the Jack-
2 estimator did little to reduce the bias in estimating rel-
ative differences in species richness that was observed for
rarefied samples.
Comparing Richness Based on MRS
The MRS increased with increasing sampling effort in all
12 assemblages. The MRS sampling effort curves approx-
imately fit power functions. However, the level of MRS
reached at a given sampling effort differed greatly among
assemblages with different types of species-occurrence dis-
tributions. The MRS was lowest for assemblages with neg-
ative exponential distributions and highest for those with
logistic distributions. In other words, a standard sample
reached very different mean species detectabilities in dif-
ferent assemblages. The MRS also decreased with increas-
ing TSR within each type of species-occurrence distri-
bution.
The MRS-MSD curves were adequately fit with three-
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Figure 1: Species-occurrence distributions for four different taxonomic groups and at two spatial scales fit negative exponential (A–C), logistic (D–
E), or linear models (F).
parameter logistic models (eq. [4]) for both negative ex-
ponential and logistic SOD assemblages and with linear
models (eq. [5]) for linear SOD assemblages (table C1).
1
MSDp , (4)
bcMRSa e
MSDp a b#MRS, (5)
where parameters a and b set the predicted value of MSD
when MRS is equal to 0 and 1, respectively. Parameter c
controls the shape of the MRS-MSD curve.
The MRS-MSD relationships differed across the three
types of SODs (fig. 4A) but to a much lesser extent than
those species curves based on rarefied samples or predicted
(Jack-2) richness (figs. 2A, 3A). For the same MRS value,
MSD was usually the lowest for negative exponential SOD
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Figure 2: A, Mean species detectabilities (MSD) reached by the same number of replicate samples for three types of species-occurrence distributions
(SODs): negative exponential (NE; A1–A5), logistic (LG; A6–A9), and linear (LN; A10–A12). B, Variability in MSD at a given sampling effort (1
to 50 sample units) for each of the three types of SOD was measured with the range and standard deviation of differences in mean species
detectabilities among the assemblages of each type.
assemblages, followed by logistic SOD assemblages and
then linear SOD assemblages. The MRS-MSD relationships
converged when MRS was equal to or greater than 0.8,
which required four to 388 replicates across the 12 assem-
blages. The average difference in MSD across the three
types of SOD was equal to or smaller than 0.24, compared
with 0.47 for rarefaction-based estimates and 0.65 for Jack-
2 estimates.
The MRS-MSD relationships were also consistent within
each type of SOD (fig. 4A). For a given MRS value, the
difference in MSD was !0.05 for both the negative ex-
ponential and linear SOD assemblages and ≤0.07 for lo-
gistic SOD assemblages (fig. 4B).
Comparing Biases of the Three Methods at
the Same Sampling Effort
The MSD based on the seven replicates per assemblage it
took to achieve an for the 12 combined as-MRSp 0.6
semblages varied from 0.21 to 0.89 across the 12 assem-
blages ( ): 0.47 to 1, based on Jack-2 estimatesSDp 0.28
( ), and 0.34 to 0.59, based on MRS-based stan-SDp 0.24
dardizations ( ; fig. 5). Although MRS stan-SDp 0.10
dardizations did not remove all of the variability in MSDs
among these assemblages, they did result in much less
variable MSDs than other standardizations and hence
should lead to more accurate estimates of the relative dif-
ferences in richness among assemblages.
Precision of MRS-MSD Relationships
The MRS-MSD relationships were generally precise except
for the negative exponential model at low TSR (A2,
, RMSE of MSD ≤0.1; fig. C3). For all otherTSRp 50
assemblages examined, RMSE ranged between 0.02 and
0.04. The relationships between RMSE and MRS were gen-
erally weak and inconsistent across the assemblages ex-
amined. The precision of MRS-MSD relationships did not
vary significantly with MRS.
Discussion
Data from biological surveys are used to establish spatial
patterns or temporal trends in species richness (Rosen-
zweig 1995) and quantify human impacts on ecosystems
(NRC 2000). However, comparisons of species richness
among assemblages or locations can be compromised be-
cause species detectabilities are not only rarely estimated
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Figure 3: A, Mean species detectabilities (MSD) reached by the second-order jackknife estimates of species richness for three types of species-
occurrence distributions (SODs): negative exponential (NE; A1–A5), logistic (LG; A6–A9), and linear (LN; A10–A12). B, Variability in MSD at a
given sampling effort (1 to 50 sample replicates) for each of the three types of SOD was measured with the range and standard deviation of differences
in mean species detectabilities among the assemblages of each type.
but also variable across different assemblages. In this study,
we showed that three methods of comparing species rich-
ness (rarefaction, statistical estimations of TSR, and MRS-
based standardization) are differentially sensitive to vari-
ation in SODs. The degree to which the type of sample
standardization affects inferred patterns of species richness
over space or time depends on how diverse compared
assemblages are in terms of their species-occurrence dis-
tributions. However, unless we can show that the SODs
are similar for the assemblages being compared, we should
assume they are different and use sample standardizations
and estimators of species richness that are least sensitive
to differences in SOD. We therefore focus the discussion
on (1) how well rarefaction, statistical estimators, and stan-
dardization on MRS cope with diverse SODs in comparing
species richness and (2) under what conditions different
types of SODs are likely to occur when comparing species
richness.
Problems with Rarefaction
Rarefaction is widely used to compare species richness
among assemblages (Gotelli and Graves 1996; Gotelli and
Colwell 2001; Colwell et al. 2004). However, because stan-
dardization on a given number of replicates can yield very
different MSDs across assemblages (fig. 2), rarefaction
must necessarily bias estimates of relative differences
among assemblages. This problem was suggested more
than 30 years ago when Fager (1972) showed that assem-
blage evenness, which is influenced by the type of SOD,
strongly affected rarefaction curves. However, the severity
of this problem for meeting the assumption of equal MSD
and thus allowing robust comparisons of species richness
has not been adequately appreciated. The rule of thumb
that the samples compared should come from taxonom-
ically similar assemblages and similar habitats (Gotelli and
Graves 1996) is unlikely to guarantee similar SODs or
similar MSDs because taxonomically similar assemblages
from similar habitats can vary greatly in their SODs, as
we observed in the local fish data (table A2). Disturbances
can also significantly change the SODs or species domi-
nance patterns of otherwise similar assemblages (Cao et
al. 1998; Mackey and Currie 2001). Because such distur-
bances can either increase or decrease assemblage even-
ness, comparisons based on rarefied species richness are
unlikely to either accurately or consistently describe the
effects of disturbances on species richness (Cao and Haw-
kins 2005).
Estimates of species richness are also used to rank sites
in terms of their species diversity rather than to quantify
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Figure 4: A, Relationships between mean species detectability (MSD) indexed as mean replicate similarity (MRS) and the true value (MSD) for the
three types of species-occurrence distributions (SODs): negative exponential (NE; A1–A5), logistic (LG; A6–A9), and linear (LN; A10–A12). B,
Variability in mean species detectability at a given sampling effort (1 to 50 replicates) for each of the three types of SOD was measured with the
range and standard deviation of differences in mean species detectabilities among the assemblages of each type.
their relative differences. When different assemblages were
associated with a single type of SOD, rarefaction appeared
to work well in ranking assemblages based on diversity
(fig. C1). However, when assemblages had different types
of SODs, ranks can shift with increasing sampling effort,
results also observed by Thompson and Withers (2003) in
a simulation study. Early reviews of published species ac-
cumulation curves derived from field data suggested that
curves seldom crossed (Simberloff 1978). However, recent
analyses on a variety of assemblages show that species
curves do frequently cross one another (e.g., Lande et al.
2000; Scheiner et al. 2000; Cao et al. 2001; Barnosky and
Carrasco 2002; Thompson et al. 2003; Chiarucci and Bon-
ini 2005). Other studies that show that the ranks of sites
based on raw sample richness can differ from those based
on statistical estimates (e.g., Stout and Vandermeer 1975;
Hughes et al. 2002) also imply that species-accumulation
curves cross at a sampling effort higher than that typically
used in field studies.
Rarefaction was developed as a way to consistently com-
pare species richness when sampling effort varies among
sampling sites and was based on well-developed statistical
models (Hurlbert 1971; Simberloff 1978). However, this
method implicitly assumes that a standard sampling effort
would reach an equal MSD in different assemblages. This
one-size-fits-all assumption is clearly not realistic, and it
can yield substantially different MSDs and severely bias
inferences regarding relative differences or ranks in species
richness (fig. C2).
Limitations in Statistically Estimating
True Species Richness
Statistical estimators, such as Jack-2, were designed to es-
timate TSR when species detectabilities are imperfectly
measured (see Colwell and Coddington 1994; Walther and
Moore 2005 for reviews). These estimators have been
shown to be dependable or useful in some situations (e.g.,
Colwell and Coddington 1994; Chazdon et al. 1998). Jack-
2 estimates produced MSDs that were higher than those
obtained from raw samples in this study, which shows that
this estimator can account for variable species detectabil-
ities to some extent. However, the Jack-2 estimator not
only failed to accurately predict TSR, but it also failed to
minimize the difference in MSD among samples stan-
dardized on effort from different assemblages (figs. 3B, 5).
Statistical estimators have been increasingly criticized for
poor performance (e.g., Cao et al. 2004; Melo 2004; Green
et al. 2005), sometimes severely so. For example, Palmer
et al. (2002) asserted that these estimators were “unlikely
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Figure 5: Mean species detectabilities (MSD) achieved by three methods:
mean replicate similrity (MRS)-based standardization, the second-order
jackknife estimator, and rarefaction for all 12 assemblages based on the
same total sampling effort (84 replicates) applied across assemblages,
which allowed either seven replicates to be collected for each of 12 as-
semblages or an MRS value of 0.60 to be reached.
to outperform the guess of experienced botanists” in veg-
etation surveys, and O’Hara (2005) concluded that their
use seemed futile.
Ecologists and statisticians continue to seek more ac-
curate estimators of species richness (e.g., Colwell et al.
2004; Mao and Colwell 2005; Pledger 2005; Dorazio et al.
2006; Hong et al. 2006). Some of the newly developed
estimators have been reported to perform less well than
certain established ones, for example, Jack-2 (Hortal et al.
2006), and other new estimators have yet to be rigorously
tested across a wide range of assemblage data. In general,
two fundamental challenges remain in developing robust
estimators. First, no single method has been developed
that is robust to the effects of SOD or species-abundance
distribution on estimates of richness (Colwell and Cod-
dington 1994; Wagner and Wildi 2002; Brose et al. 2003;
Dorazio et al. 2006), and none seems likely to emerge (Esty
1986). Second, the practical necessity of taking a relatively
small number of samples in field surveys means that es-
timates of the number of rare species in an assemblage,
which represent the majority of species, will be especially
problematic. Small samples simply do not contain enough
information for a statistical method to accurately estimate
the number of rare species present and hence TSR (Good
1953; Mao and Colwell 2005; Curtis et al. 2006; Dorazio
et al. 2006). Although we believe it is important to pursue
more accurate statistical methods of estimating TSR, we
think it may be less problematic to estimate the relative
differences in species richness between two or more
assemblages.
Circumventing the Variable Detectability Problem
by Standardizing on MSD
Standardization on MSD is essential for comparing species
richness. However, the effectiveness of this standardization
depends on how consistently the specific index of MSD
used (MRS in our study) is related to true MSD across
different assemblages. In this study, MRS-MSD relation-
ships were highly consistent when assemblages all exhib-
ited any single type of SOD. The relationships were less
consistent across assemblages with distinctly different
SODs but still much more consistent than for observed
or extrapolated species curves (fig. 5) because of the lower
variability in MSD across assemblages.
A relatively high MRS, for example, ≥0.8, may be re-
quired to quantify subtle differences among assemblages
in species richness. Such a high MRS value can require
extremely high sampling efforts for some assemblages (e.g.,
388 replicates for A5) and hence may not be practical when
comparisons among multiple assemblages are desired.
However, the total sampling effort required in a survey
will depend on the range of SODs and TSR involved, and
it may be possible to partition sampling in such a way to
achieve the required MSD across all assemblages. Because
MRS-MSD relationships were generally precise, except for
species-poor, negative-exponential-type assemblages (fig.
C3), and little affected by the level of MRS, such a stan-
dardization should be applicable to real surveys.
The Lincoln-Petersen model we used to estimate MRS
or a similar model proposed by Plotkin and Muller-Landau
(2002) can be used to calculate the expected value of MRS
for a given random sample size only when the exact SOD
is known, something unlikely to occur in practice. How-
ever, an MRS-based standardization can be performed by
applying a sequential sampling scheme (Krebs 1998) to
each assemblage; that is, continue sampling until a targeted
MRS is reached (Cao et al. 2002a, 2002b). The exact pro-
cedure will depend on the type of assemblage and sampling
method used.
Variability of Species-Occurrence Distributions
The general utility of the three standard methods is de-
pendent on how often SODs differ across the assemblages
to be compared. We consider three situations.
Comparing local assemblages of the same type. Stream
fish assemblages showed diverse SODs (table A2), but it
is not clear how commonly SODs differ among the same
type of assemblages in general. Research on patch-occu-
pancy distributions in a variety of assemblages (e.g., Gib-
son et al. 1999) provide insight into this issue. Left-skewed
patch-occupancy distributions (i.e., most species are rare)
are approximately equivalent to negative exponential
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SODs; right-skewed (i.e., most species are common) or
bimodal distributions (i.e., most species are either very
common or very rare) are equivalent to logistic SODs, and
uniform distributions are equivalent to linear SODs. To
date, the available evidence suggests that diverse SODs
commonly occur in the same type of assemblages (e.g.,
van Rensburg et al. 2000; Mehranvar and Jackson 2001).
Comparing assemblages of the same type that differ in
spatial scale of sampling. Many studies have examined re-
lationships between local and regional species richness in
order to infer the relative importance of local and regional
processes (e.g., Caley 1997; Strivastava 1999; Witman et
al. 2004). If the SODs of assemblages are strongly depen-
dent on the extent of area sampled (e.g., the stream fish
assemblages in this study), the observed relationships be-
tween local and regional richness are likely to vary un-
predictably unless the mean species detectabilities at both
scales are comparable.
Comparing assemblages of different types. Ecologists may
desire to compare species richness across different taxo-
nomic groups. For example, Heino et al. (2003, 2005)
tested taxonomic concordance in diversity patterns among
different types of assemblages. However, any real concor-
dance in diversity patterns will be distorted unless MSDs
are similar across different types of assemblages being
compared. An assumption of similar MSDs in such cases
is particularly problematic because SODs appear to differ
even more among different taxonomic groups than within
a taxonomic group (app. A). Because SODs can differ in
any of the three types of species-richness comparisons, an
MRS-based standardization may be generally advanta-
geous over either rarefaction or statistical estimators like
Jack-2.
In this study, we focused on estimation of the relative
differences in species richness among assemblages. How-
ever, unequal mean species detectabilities will also certainly
bias comparisons of species composition among assem-
blages, another focus of community ecology (Gauch 1982;
Condit et al. 2002; Plotkin and Muller-Landau 2002). The
effect of the bias associated with a standard sampling effort
on community analysis needs to be examined. The MRS-
based standardization should also be compared to statis-
tical extrapolations of assemblage similarity (Chao et al.
2005) regarding their effectiveness in minimizing such
bias. Such investigations should lead to better understand-
ing of assemblage patterns.
Conclusions
We systematically examined how well estimates of species
richness derived from rarefaction, statistical estimators,
and standardization on MRS achieved constant mean spe-
cies detectabilities in different assemblages, an essential
requirement for unbiased estimation of relative differences
in species richness among assemblages. We demonstrated
that the MSD reached by a standard sample strongly de-
pends on the species-occurrence distribution in an assem-
blage, which may vary greatly within certain types of as-
semblages (e.g., local fish assemblages) and often varies
across different taxonomic groups. Rarefaction therefore
can severely bias comparisons of species richness across
assemblages with different types of SODs, a pitfall that has
not been widely recognized. Jack-2 and other statistical
estimators tested did not appear to be able to minimize
differences in MSD among assemblages. Standardization
on MRS resulted in variability of MSD that was similar
to that produced by rarefaction and Jack-2 when assem-
blages exhibited a single type of SOD but resulted in much
lower variability in MSD when assemblages with different
SODs were compared. The MRS-based standardizations
therefore yielded the most accurate estimates of relative
difference in species richness across all assemblages. The
MRS-MSD relationships were somewhat sensitive to the
difference in SODs, especially at low-intermediate levels
of MRS, although much less strongly so than for sample
richness or extrapolated species accumulation curves. A
high level of MRS will therefore be needed to quantify
subtle differences in species richness among assemblages
of diverse SODs.
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